Abstract-Carotid plaques have been associated with ipsilateral neurological symptoms. High-resolution ultrasound can provide information not only on the degree of carotid artery stenosis but also on the characteristics of the arterial wall including the size and consistency of atherosclerotic plaques. The aim of this study is to determine whether the addition of ultrasonic plaque texture features to clinical features in patients with asymptomatic internal carotid artery stenosis (ACS) improves the ability to identify plaques that will produce stroke. 1121 patients with ACS have been scanned with ultrasound and followed for a mean of 4 years. It is shown that the combination of texture features based on secondorder statistics spatial gray level dependence matrices (SGLDM) and clinical factors improves stroke prediction (by correctly predicting 89 out of the 108 cases that were symptomatic). Here, the best classification results of 77 ± 1.8% were obtained from the use of the SGLDM texture features with support vector machine classifiers. The combination of morphological features with clinical features gave slightly worse classification results of 76 ± 2.6%. These findings need to be further validated in additional prospective studies.
per year for individuals with higher grades of stenosis [2] . In the past two decades, carotid endarterectomy has been extensively used for the reduction of stroke risk. This is because two randomized controlled trials, almost a decade apart, the asymptomatic carotid atherosclerosis study in 1995 [3] and the asymptomatic carotid surgery trial in 2004 [4] , reported that in patients with asymptomatic ICA stenosis >60-70% (using the NASCET method) carotid endarterectomy reduced the risk of stroke from 2% to 1% per year [4] , [5] . However, in these trials carotid endarterectomy was associated with a 2-3% perioperative rate of stroke or death, making it marginally effective for asymptomatic patients. It should also be noted that in these trials, medical therapy, which was left to the discretion of the local teams, was suboptimal in relation to current practice. Recent advances in the management of vascular disease and particularly the use of statins appear to have reduced stroke rate to approximately 1% per year and have prompted doubt regarding the value of endarterectomy in asymptomatic patients [6] [7] [8] . In addition, medical therapy was found to be three to eight times more cost effective than surgical [9] , [10] . However, we believe that carotid endarterectomy can still be justified if subgroups at increased risk can be identified. This raises the need for the establishment of methods for reliable and objective cerebrovascular risk prediction and stratification [2] .
High-resolution vascular B mode and Doppler ultrasound provide information not only on the degree of carotid artery stenosis but also on the characteristics of the arterial wall including the size and consistency of atherosclerotic plaques [11] . Carotid stenosis alone has limitations in predicting risk and does not show plaque vulnerability and instability, thus other ultrasonographic plaque morphologic characteristics have been studied for better prediction of risk stroke. Plaque echogenicity as assessed by B-mode ultrasound has been found to reliably predict the content of soft tissue and the amount of calcification in carotid plaques. Additionally, it has been reported that subjects with echolucent atherosclerotic plaques have increased risk of ischemic cerebrovascular events [5] . Most recently, Topakian et al. [12] showed that plaque echolucency can be used to predict stroke. Other studies have reported that plaques that are more echolucent and heterogeneous are often associated with higher cerebrovascular risk and the development of ipsilateral neurological symptoms [2] , [13] [14] [15] [16] . In contrast, homogeneous hypoechoic and hyperechoic plaques without evidence of ulceration usually remain asymptomatic.
Prediction of risk is important as it will aid clinicians in the selection of asymptomatic cases at higher risk. Equally important is the establishment of a method that will allow for objective and quantitative evaluation of high-risk cases that are the ones that would most benefit from endarterectomy. This paper tackles exactly this task through presentation of the steps for evaluation of high cerebrovascular risk using a number of clinical factors along with U.S. image analysis for the characterization of plaque morphology and texture.
The combination of clinical and morphological plaque data using first-order statistics for plaque image analysis has already shown the potential of risk stratification in a multicentre cohort study of patients with asymptomatic ICA stenosis called the asymptomatic carotid stenosis and risk of stroke study (AC-SRS) [2] . The same images were used in this paper to test the hypothesis that the addition of image analysis techniques using second-order statistics with probabilistic neural networks (PNN) and the support vector machines (SVM) as classifiers, will improve risk stratification.
II. METHODS

A. Patient Recruitment
Newly referred (< 3 months) patients with 50-99% ICA stenosis in relation to the carotid bulb diameter (European carotid surgery trial (ECST) method) without previous ipsilateral cerebral or retinal ischemic (CORI) symptoms, and without neurological abnormalities were recruited to the study after written informed consent. Patients who had had contralateral cerebral hemispheric/retinal or vertebrobasilar symptoms or signs of stroke/TIA were included if asymptomatic for at least six months prior to recruitment. For patients with bilateral carotid atherosclerosis, the side with the more severe stenosis was considered ipsilateral (the study artery) [2] .
B. Clinical Characteristics
At baseline all patients had a history taken and a physical examination by the local neurologist to ensure that they were truly asymptomatic. This examination was repeated at six monthly intervals until a primary endpoint or the end of the study was reached [2] . The major clinical characteristics of the study sample at baseline have already been published in [2] . A subgroup of the main characteristics recorded can be seen in Table I .
C. Duplex Scanning
Bilateral carotid duplex scanning was performed on admission to the study. Ultrasonographers from all centers were trained at the coordinating center in grading internal carotid stenosis and plaque image capture. The entire duplex examination, recorded on S-VHS videotape, was sent to the coordinating center for image analysis and quality control.
Images from video recordings were digitized offline on a PC using a video grabber card. Image normalization for gray scale using linear scaling with "blood" (gray scale = 0) and adventitia (gray scale = 190), and pixel density standardization to 20 pixels per mm were performed followed by image analysis. The "Plaque Texture Analysis software" version 3.2 (Iconsoft International Ltd, Greenford, London, U.K.) was used. Plaques [2] were segmented by expert physicians using the same software [2] , [17] .
D. Texture Features
Several image texture analysis features were extracted and used in the statistical analysis [18] , [19] . These features have been presented in previous studies and have been computed using the "Plaque Texture Analysis software" following image normalization carried out as documented in the previous subsection. The algorithms used for this study namely are 1) statistical features [18] , and 2) SGLDM features [18] .
Morphological features associated with plaque composition as described in [19] were also considered. This led to the consideration of morphological features that come from 1) dark regions associated with lipid, thrombus, blood, or haemorrhage, 2) bright regions associated with collagen and calcified components, and 3) medium-brightness regions that fall between them. As discussed in [19] , the most promising results were given by morphological analysis of the dark image components. Following image normalization, the binary L images are generated using
where I denotes the normalized image. A multiscale morphological decomposition of each binary image is generated using the difference images
where B denotes the "+" structural element, • denotes the morphological open operation, and d n denotes the binary difference image. The binary difference images are then used to generate the morphological probability density function (pdf) using
where A (L) represents the number of pixels in the image, and n was allowed to vary from 1 to 70. The cumulative distribution function (cdf) can be constructed using pdf:
Images that gave significant differences in the classification of symptomatic versus asymptomatic cases were used as texture features. This led to the use of
as explained in [19] .
E. Risk Modeling
Risk modeling was carried out using two different classifiers: the SVM, and the PNN. These classifiers were trained to classify the feature sets (FS) investigated into two classes: 1) asymptomatic plaques or 2) stroke (including TIAs) (or symptomatic) plaques, i.e., unstable plaques.
The SVM method is initially based on a nonlinear mapping of the initial dataset using a function ϕ(.), and then the identification of a hyperplane, which is able to achieve the separation of two categories of data. The vectors defining the hyperplanes can be chosen to be linear combinations with parameters α i of images of feature vectors that occur in the database. With this choice of a hyperplane, the points x in the feature space that are mapped into the hyperplane are defined by the relation
If K(x,y) becomes small as y grows further from x, each element in the sum measures the degree of closeness of the test point x to the corresponding database point x i . In this way, the sum of kernels as mentioned earlier can be used to measure the relative nearness of each test point to the data points originating in one or the other of the sets to be discriminated. Details about the implementation of the SVM algorithm used can be found in [20] and [21] . The SVM network was investigated using Gaussian radial basis function (RBF) kernels; this was decided as the rest of the kernel functions could not achieve satisfactory results. The SVM with RBF kernel was investigated using tenfold cross validation in order to identify the best parameters such as the spread of.
The PNN [22] classifier was used for developing classification models for the problem under study. The PNN falls within the category of nearest-neighbor classifiers. For a given vector w to be classified, an activation a i is computed for each of the two classes of plaques (i = 1, . . . , 2). The activation a i is defined to be the total distance of w from each of the M i prototype feature vectors x (i) j that belong to the ith class where β is a smoothing factor. This classifier was investigated for several spread radii in order to identify the best radius for the current problem.
F. Evaluation
The performances of the classifier systems were measured using the following parameters: 1) true positives when the system correctly classifies plaques as symptomatic, 2) false positives (FP) where the system wrongly classifies plaques symptomatic while they are asymptomatic, 3) false negatives when the system wrongly classifies plaques as asymptomatic while they are symptomatic, and 4) true negatives when the system correctly classifies plaques as asymptomatic. To evaluate the ability of the classifiers to predict high-risk cases the sensitivity (SE), which is the likelihood that a symptomatic plaque will be detected given that it is symptomatic, and specificity (SP) which is the likelihood that a plaque will be classified as asymptomatic given that it is asymptomatic, were also evaluated. For the overall performance, the correct classification (CC) rate, which gives the percentage of correctly classified plaques, is also provided.
III. RESULTS
A. Dataset Investigated
A total of 1121 patients between 39 and 89 years (mean age 70.0 ± SD 7.7, 61% male) were recruited during 1998-2002 with a follow-up of 6-96 months (mean 48 months) in the context of the ACSRS study (see Table II ). A total of 130 first ipsilateral CORI events occurred (59 strokes of which 12 were fatal, 49 TIAs and 22 amaurosis fugax). There were 49 first contralateral CORI events (18 ischemic strokes of which seven were fatal, 22 TIAs and nine amaurosis fugax). There were two vertebrobasilar strokes. AF cases were excluded from the study, thus having 1099 cases.
There have been a total of 214 deaths (195 nonstroke deaths) of which 157 (73%) were due to cardiovascular causes: myocardial infarction-110, fatal stroke-19 (12 ipsilateral and 7 contralateral already mentioned earlier), heart failure-17, pulmonary embolism-3, lower limb ischemia/gangrene-3, ruptured abdominal aortic aneurysm-3, renal failure-1, and mesenteric artery thrombosis-1. There were 56 nonvascular deaths; malignancy: 37, pneumonia/respiratory failure: 12, gastrointestinal hemorrhage: 2, dementia: 2, road traffic accident: 2 and general surgical procedure: 1. Cause of death was unknown in one patient.
B. Feature Sets Extracted
The following FS were extracted from the asymptomatic and stroke (including TIAs) cases given in Table II Table III together with the results of univariate analysis. The p value using t-test for the continuous variables and chi-square test for the categorical variables (DWA, Hist TIAs). Features with significant difference at P < 0.001 were used in the prediction models. Fig. 1 shows examples of normalized gray-scale and color-contoured images of segmented plaques with selected plaque features for both asymptomatic and symptomatic plaques.
It is noted that as documented in the ACSRS study [2] , comorbid conditions such as LDL, diabetes, etc., were not associated with the development of stroke in this population because they were high or present in the majority of patients. Also, the population of patients have > 50% carotid stenosis and are all high risk arteriopaths.
Compared to the clinical features, it is interesting to note that the mean values for the different texture features give relatively large differences between asymptomatic and stroke cases. Unfortunately, texture features also exhibit higher variations than clinical features.
C. Risk Modeling
High risk modeling using the prediction results of asymptomatic versus stroke (including TIAs) are given in Table IV based on the FS tabulated in Table III-FS 1: ACSRS clinical and plaque features; FS 2: texture features-SGLDM; FS 3: texture features-morphology. Risk modeling was carried out using the probabilistic neural networks (P) and the support vector machines (S) classification models. The results are the average of 2000 runs, where 10 bootstrapping sets of 100 asymptomatic and 100 stroke (including TIAs) cases were drawn at random from the corresponding 991 asymptomatic, and 108 stroke cases (as tabulated in Table II) ; the performance of each one of this sets was then evaluated using the leave one out method.
The best classification results of 77 ± 1.8% were obtained from the use of the SGLDM texture features with SVM classifiers. The combination of morphological features with clinical features gave slightly worse classification results of 76 ± 2.6%.
All the PNN models gave poorer prediction performance as shown in Table IV . Moreover, it should be noted that it has been found that there is significant difference (at P < 0.01 level) when TABLE III  LIST OF RISK FACTORS-FS INVESTIGATED FOR THE DATASETS GIVEN IN  TABLE II FOR THE ASYMPTOMATIC AND STROKE (INCLUDING TIAS) PLAQUES comparing the SE and SP measures using the chi-square test for SVM versus PNN risk-prediction models for all FS. Table V tabulates the results of the best risk prediction model based on SVM using the SGLDM plaque texture features. It can be seen that for this model, for the 1099 cases from the ACSRS dataset, the SVM model could correctly predict at baseline 89 out of the 108 cases that were symptomatic.
It is noted that the area under the Receiver Operated Characteristics (ROC) curve for model FS1 was 0.832 (95% CI 0.808 to 0.853), for FS2 was 0.803 (95% CI 0.778 to 0.826), and for FS3 was 0.571 (95% CI 0.539 to 0.602), whereas the ROC for stenosis alone in predicting stroke was 0.59 (95% CI 0.563 to 0.623). Table II for feature description).
IV. DISCUSSION
Cerebrovascular risk in asymptomatic patients has been shown to depend on the degree of stenosis, clinical features and the presence, morphology and texture of carotid plaque as assessed by ultrasound [2] . However, visual evaluation of the morphology and texture of the carotid plaque is difficult and can be enhanced with the use of image analysis methods [12] , [23] [24] [25] . Griffin et al. [23] showed that the use of image normalization resulted in reclassification of the visually evaluated types of plaques associated with a high cerebrovascular event for asymptomatic cases. Visual assessment of the carotid plaque can offer qualitative information about tissue characterization but without precision and with a moderate-togood agreement between and within-observers, is subjective and operator dependent [26] .
The evaluation of high-risk asymptomatic cases for the cerebrovascular disease is based on a significant number of different determinants that interact in complex and nonlinear ways. The use of computer aided image classification enables better quantification and standardization of the predicted risk. In addition the use of computer-aided analysis provides for objective, reproducible and quantitative determinants on which this analysis can be based. In previous work different texture and morphology measures for plaque characterization have been developed and validated [19] . These determinants along with clinical features have been used for the development of cerebrovascular statistical risk stratification prediction models [2] .
Neural networks compared to statistical models are more complex and can better characterize complex nonlinear relationships amongst the different determinants and may produce a model of greater discriminatory power and accuracy as they create a functional form and fit the data at the same time [27] . In this study two different types of neural networks were used for the classification of asymptomatic cases to high and low risk for suffering a stroke based on the aforementioned determinants, as different types of neural networks may perform differently depending on the clinical applications [28] . Both PNNs and SVMs were applied as their use has been investigated in the classification of morphological features of carotid atherosclerotic plaque in a cross-sectional study [19] . SVMs were consistently superior to PNNs as in [19] . SVM is an efficient classification method, which has yielded superior performance compared to regression and other prediction [29] . In addition SVMs compared to other classifiers, aim at minimizing a bound on the generalization error, instead of simply minimizing the training error and are less affected by the dimensionality of the problem, but rather on the "margin" which separates the data [30] .
In the present study, the neural networks were extensively evaluated on different determinants and combinations thereof, including the ACSRS clinical and plaque texture and morphology features [2] . For the evaluation, the accuracy in classification along with the SE and SP, and the corresponding positive predictive values and negative predictive values were evaluated for different combination of the three different groups of features for the prediction of stroke as shown in Tables IV and V. The best classification-which is achieved using the SGLDM plaque texture features-allows for a correct prediction of 77 ± 1.8 of the cases that will either develop symptoms or not, with a SE of 82 ± 3.4 and a SP of 72 ± 1.2 as shown in Table V . This according to the risk evaluated here means that 82% of the cases that would result in TIA or stroke can be predicted with only 28% FP.
The value of the corresponding classification lies in its ability to identify the individuals who are at high risk of having a stroke and who, therefore, may require invasive intervention whilst excluding those who do not require such intervention and medical treatment alone can allow for lower stroke risk.
It should, however, be noted that there are certain limitations of the risk processing proposed in the current study as a result of the investigated dataset. These limitations are the following. 1) The importance of accurate prediction is greater in the "gray zone" with degree of ECST stenosis between 70% and 89%, (number of subjects = 598, and number of strokes = 56, from Table II) where surgery is not considered always mandatory. However, subgroup analysis was not carried out because it would have weakened the statistical power because of the small number of strokes. Stenosis has been included as a covariable in the clinical model FS1. Therefore, the results apply to all patients irrespective of degree of stenosis. When stenosis is added to the other models, it is no longer significant. 2) Prognosis of moderate-severe carotid stenosis is markedly improved in the last ten years in medically treated patients with optimal therapy. Since in ACSRS only 25% of patients were treated at baseline with lipid lowering therapy (although these rates markedly increased in the final phase of the study), this feature could not be correctly employed in the predictive models. 3) Another limitation is related to the duration of the follow-up of the cases investigated. More specifically, there were 108 ipsilateral ictus or TIA events that were compared with 991 "asymptomatic cases" for definition of the risk model. However, study exit points were all deaths different from ipsilateral stroke (contralateral: 7 deaths, nonstroke deaths: 214), and carotid revascularization. Thus, more than 25% of asymptomatic cases had a fatal event during the follow-up. Whether the occurrence of event resulted in a shorter follow-up duration with respect to the remaining patients has not been analyzed. Shorter observation times of this population might have affected the overall results of SVM and PNN analyses.
As it has been noted in the introduction, the high prevalence of patients with asymptomatic carotid artery stenosis had lead to the extensive use of endarterectomy and overtreatment, the benefits of which have been shown to be absorbed by receiving medical intervention alone, if all asymptomatic cases are considered. This has resulted in blurring of the distinction of when endarterectomy for stroke prevention should be used. However, when higher risk patients are considered, medical intervention alone may result in undertreatment and endarterectomy may be more appropriate for risk reduction.
The need to target more invasive treatment toward high risk for stroke asymptomatic patients cannot be overstated, as the cost of screening and intervention will not only continue to grow but will draw from other cost-effective preventive strategies [31] . This is especially true for cerebrovascular disease as recent studies have shown medical intervention alone may be expected to reduce stroke risk to approximately 1%. By using the SVM classification on the plaque texture features and translating the results of the presented method to the ACSRS dataset can mean that out of the asymptomatic 108 cases that would result in stroke or TIA 89 could have been predicted at the baseline as shown in Table V . Furthermore, for the SVM classifier using the plaque SGLDM texture features, incorporating the total cost analysis as presented by McPhee et al. [32] , and assuming all ACSRS cases being treated with endarterectomy for stroke prevention, it can be estimated that a total of $19.825 million (1121 × $17685) would be spend and 991 unnecessary invasive procedures would be performed for the prevention of 108 strokes (assuming no procedural risk). The cost incurred, in this scenario, for preventing one stroke in eight years would, therefore, be almost $184 thousands. It should be noted that this number is estimated on a study, where the patients were undergoing medical intervention and more than half of the cases (607/1121) exhibited stenosis over 80% and correspond to a group where intervention is considered imperative [33] . According to McPhee et al. [32] , 122 986 invasive revascularizations in asymptomatic patients were performed in the U.S. in 2005. Naylor et al. [31] , using the ACAS [3] data, as in [32] , showed 122 986 invasive procedures would be performed to prevent 7256 strokes-with 115 730 unnecessary procedures-so that the cost to prevent an ipsilateral stroke would reach $319 thousand, at a total cost of $2.1 billion. Extending the achieved high risk for stroke classification to the U.S. statistics [32] and taking no other medical treatment or risk into account, the presented method could allow for better justification of appropriate prevention in 5950 cases (out of the 7256) with only 32 404-compared to the 122 986-unnecessary invasive interventions, at the baseline, and at a total cost of $679 million compared to $2.1 billion, and a cost of $114 thousand per prevented stroke.
V. CONCLUDING REMARKS
The aim of this paper has been to determine whether computed aided image analysis provides for better objective and quantitative features for the prediction of stroke risk that could lead to the development of computer aided stroke risk prediction systems. Such systems will allow for objective and quantitative prediction of the high-risk cases for stroke. The prediction results achieved using the SVM classifier are very encouraging. However, as the plaque features are all developed and tested on the same cohort study; in the future, they need to be tested on another prospective study. Also, the validation of predicted risk should be performed in a separate cohort of patients, with or without cerebral events in the follow-up, with comparable follow-up duration.
To the best of our knowledge, this is the first report that uses neural networks and a combination of clinical and computer aided plaque morphology and texture measures to calculate the risk of stroke in a prospective study. The results suggest that the clinical and plaque characterization determinants can be used to better evaluate and choose the different treatment options for the prevention of cerebrovascular disease, and to differentiate between high risk and asymptomatic subjects.
